REVIEW
PREDICTIONS ARE EVERYWHERE
Predictions are made every day and everywhere 1 . Weather forecasts and predictions in sports are among the most popular predictions. Companies make business forecasts, public administrations predict the needs of their people and (re-)insurance companies predict the probability of natural disasters or the risks of untoward events of their customers. In the medical field, predictions play an important role on both the population and individual level. Public health agencies need to predict the burden of particular diseases and the prevalence of risk factors as well as the probability of infectious disease outbreaks [2] [3] [4] . In clinical medicine, predictions are used to inform patients about risks of disease or disease outcomes and to guide preventive and therapeutic interventions for individuals 5 .
DEFINITION AND PURPOSE OF PREDICTION MODELS
The most common (but not only) scientific basis for making predictions about health outcomes for individuals is prediction models. Prediction models combine a number of patient characteristics to predict the onset of a disease or some outcome of interest in patients with a particular (main) disease 5, 6 . Individual characteristics can be anything from the genotype to phenotypic (clinical manifestations and biomarkers) and socio-demographic information. Often, phenotypic predictors are among the strongest predictors since they incorporate life and disease history that lead to the particular phenotypic manifestation. Exercise capacity, for example, is the strongest known predictor of mortality in patients with chronic obstructive pulmonary disease (COPD), presumably because the disease has substantial impact on the musculoskeletal system through physical inactivity and systemic inflammation, which in turn have a major impact on longevity 7 .
Prediction models fulfil purposes in both practice and research. By providing a probability of the outcome occurring within a given time frame, prediction models inform patients and caregivers about prognosis. Once a diagnosis is established, the important question for patients is: in what respects will this diagnosis (i.e. this disease) affect my future? This is, in essence, a prognostic question that can be informed by prediction models and it is often of value for patients and clinicians. Also, prediction models are arguably most useful if they help guide the choice of further actions (e.g. secondary or tertiary prevention) 8, 9 . However, prediction models alone cannot serve the purpose of risk-stratified management. In order to identify different risk strata in which the benefit harm balance varies, quantitative benefit harm assessment or decision models are needed 8, 9, 11 . But once such risk strata are established, prediction models allow clinicians to assign individuals to these risk strata and thus guide the choice of interventions that provide more benefits than harms. For example, in cardiovascular prevention, risk scores such as the Framingham risk score are used to predict the risk of a heart attack over a specific period of time (e.g. ten years) 12 . Persons at low risk (e.g. < 5%) are advised to maintain or adopt a healthy lifestyle, whereas in persons at greater risk drug interventions (e.g. low dose aspirin or statins) may be acceptable since the absolute benefit in terms of risk reduction outweighs the side effects and cost that incur for the individual or society 13, 14 .
In the area of COPD, there are medications like roflumilast that reduce the risk of exacerbations but come with significant side effects and costs 15 . A quantitative benefit harm assessment showed that the benefits of a phosphodiestrase-4 inhibitor (roflumilast) only outweigh its harms if the risk for severe exacerbations requiring hospital admissions over one year exceeds 20% 16 . Patients at lower risk for mild and moderate exacerbations will have little benefit from the drug since the absolute risk reduction is small, while they may experience the gastrointestinal, neurological and psychiatric side effects of roflumilast. In order to identify patients at such levels of risk, prediction models are useful and often outperform the judgment of clinicians 17 .
There are multiple uses of prediction models in research. In randomised controlled trials (RCTs), prediction models help to identify those patients in whom the balance of benefits and harms is uncertain. For example, the risk of harms was well known for roflumilast before doing RCTs. It would not make sense or even be unethical to enrol patients at low risk of exacerbations since the harms of roflumilast will always outweigh the benefits in those patients. This is why the pivotal trials of roflumilast only enrolled patients with COPD who had at least one COPD exacerbation requiring systemic glucocorticosteroid or treatment in hospital in the year prior to enrolment 18 . However, there was not specific risk threshold that was pre-specified nor if such a risk refers to exacerbations of any severity, or to only moderate or severe exacerbations. Figure 1 shows the study flow of a potential RCT of roflumilast when added to other treatments such as long-acting bronchodilators with or without inhaled glucocorticosteroid and/or to pulmonary rehabilitation. In a first step, patients who had exacerbations of any severity in the previous two years are identified out of all patients with COPD (of, e.g. a clinical centre) for more detailed eligibility assessment. A prediction model that estimates the risk of a severe exacerbation (requiring a hospital admission) over the next twelve months is then applied to these patients in order to identify the group of patients who have a risk of at least 20% 16 or whatever risk threshold is defined a priori. It is important to plan this prospectively in order to have all information needed for the prediction model, to pre-specify the risk threshold and to enrol only patients above that risk threshold. If done post hoc, for example, by looking at the effects and the benefit harm balance in a subgroup of patients defined after completion of a trial, the results may not be as valid and reproducible.
In addition, prediction models provide an efficient way to adjust for confounding, this is for differences between groups in terms of prognostically important characteristics that invalidate group comparisons. Prediction models are ideal to control for confounding, either through restriction, pre-stratification/ matching or statistical adjustment, since they carry more prognostic information than single confounders and since it is statistically efficient to use only one overall variable ("confounder score") instead of at least one separate variable for each confounder. Finally, prediction models may also be used for subgroup analysis. It has been shown that it is more likely to identify subgroup effects if multivariable prediction models carrying much prognostic information are used than if single effect modifiers such as age or disease severity are used 19 .
PREDICTION MODELS ARE NOT ABOUT CAUSALITY
It is important to note that prediction of an event does not equal its aetiology. The goal of prediction models is to predict the outcome of interest as accurately as possible irrespective whether or not the predictors in the model are causally related to the outcome. There has been some debate about whether age should or should not be included in prediction models 20 . Age is included in many risk scores throughout medicine including the Framingham risk score where it contributes importantly to accurate prediction of cardiovascular events 12 . Reasons against including age are, as is sometimes argued, that age is not modifiable and that including age, since it often is such a strong predictor of health events, leads to higher absolute risks and may trigger an intervention, although an elderly individual may not experience the benefit anymore. We 
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Collaborative research 160 BRN Rev. 2018; 4(3) argue that the decision to treat or not to treat should not depend just on an absolute predicted risk of a single outcome (e.g. an exacerbation) but that a decision model or quantitative benefit harm assessment would show whether an elderly individual at high risk would still benefit from an intervention. This depends on when a (preventive) effect can be expected, on how strong the competing risk of death is and on other factors such as comorbidities, patient preferences or cost. Excluding age a priori because it is not modifiable, however, would be a missed opportunity when it contributes importantly to the prediction of the outcome of interest.
In addition, prediction does not need to directly guide decisions on preventive or therapeutic interventions by including only predictors that are modifiable. The latter may actually be misleading since acting on the modifiable risk factors does not guarantee that the probability of the outcome will change. For example, by modifying dyspnoea (part of both the Body mass index, airflow Obstruction, Dyspnoea and Exercise capacity [BODE] and Age, Dyspnoea and airflow Obstruction [ADO] index) it is not certain at all that mortality will be affected. In fact, there is no evidence to support that (short-or midterm) changes in prognostic scores lead to a modified risk of early death. Also, while many RCTs showed that long-acting bronchodilators and pulmonary rehabilitation meaningfully reduce dyspnoea, the effects on mortality are less certain [21] [22] [23] . Thus, having risk scores like BODE and ADO as outcomes in RCTs is not that meaningful because changes in these scores may or may not translate into improvements in survival. Hence, the most important criterion for a predictor to be included in a prediction model is whether it contributes to the prediction irrespective of it being causally related or modifiable.
PREDICTIONS IN CHRONIC OBSTRUCTIVE PULMONARY DISEASE -USEFUL PREDICTIONS AND CURRENT PREDICTION MODELS
In the area of COPD, there are now numerous prediction models to predict exacerbations with or without hospital admissions, the risk of early death (e.g. in the next three years) or health-related quality of life [24] [25] [26] . These prediction models can all serve the purpose of informing patients about prognosis and they can be used in research as described above.
For clinical practice, prediction models that inform a specific decision are most useful. One could argue that prediction models for exacerbations are the most useful ones since they allow for risk-stratified prevention of exacerbations. Reducing the risk of exacerbations or at least shifting the severity of exacerbations from severe-to-moderate ones (i.e. avoiding exacerbations that require a hospital admission) is one of the major treatment goals in COPD [27] [28] . Means to reduce the risk of exacerbations or to shift the severity of exacerbations include drug interventions (i.e. long-acting bronchodilators, inhaled glucocorticosteroid and roflumilast) and non-pharmacological interventions (i.e. exercise, enhancement of physical activity and COPD self-management education). Some of them come with harms and costs and are only indicated if patients have some risk of exacerbations. Valid prediction models for exacerbations would be very useful to guide the prescription of such interventions.
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A recent systematic review identified and critically appraised all models to predict exacerbations 24 . Twenty-seven models were identified some of which were explicitly described as prediction models whereas others were multivariable models without explicit reference to the use as prediction models. It was difficult to compare the models and to identify the best models since the definition of exacerbations, time horizon, statistical methods and the measures of performance differed greatly. The greatest limitation was that only two out of 27 models were externally validated thwarting any judgment about the accuracy of most models in populations other than the cohort in which the models were developed. None of the models seemed ready to serve for risk-stratified prevention of exacerbations and there is a clear need for thoroughly developed and validated models for exacerbations.
Finally, there are also prediction models for health-related quality of life. These models help to identify patients who are at risk for a substantial decline and for whom the management may be optimised, for example through pulmonary rehabilitation. In a multicentre primary care cohort, prediction models were developed for each domain of the Chronic Respiratory Questionnaire as well as for its total score 25 . Nomograms were provided to project health-related quality of life for 6 and 24 months. The Health, Activity, Dyspnoea and Obstruction (HADO) score is another score to predict health-related quality of life but its development was restricted to men 30 .
In summary, a number of prediction models exist in the area of COPD. While some of An additional approach to guide treatment selection is the use of biomarkers that predict response to treatment (e.g. the presence of blood eosinophils to predict the response to inhaled glucocorticosteroid). Such information may not guide treatments alone since it usually focuses on a specific treatment response and not on all benefit and harm outcomes. Information about (expected) response to treatment could easily be integrated into quantitative assessments of the benefit harm balance, this is by considering different treatment effects for those with or without expected response to treatment. The result of such an assessment would then inform above which outcome risks the benefits outweigh the harms for patients with or without likely response to treatment. Thereby, information on response to treatment and from prediction model act together to tailor treatments to individual patients.
Prediction models for mortality have the longest history in COPD. The BODE index sent the important message that the assessment of prognosis should go well beyond lung function 26 . The ADO, the St. Georges Respiratory Questionnaire, Air-Flow obstruction and Exercise tolerance (SAFE), the Body mass index, severe Acute Exacerbations of COPD and Dyspnoea (B-AE-D) and other scores followed and included predictors like forced expiratory volume in one second (FEV 1 ) in percent predicted, dyspnoea, exercise capacity, age, previous exacerbations or body mass index. In a network meta-analysis of 26 COPD cohort studies, external validations and comparisons of these scores showed that the ADO has the best predictive properties of all scores. It is, interestingly, the only score that includes age 29 . 

KEY ASPECTS FOR THE DEVELOPMENT OF PREDICTION MODELS
The development of a prediction model does not just include fitting a statistical model to some conveniently available data 5 . For a prediction model to be potentially meaningful and generalisable, a number of steps should be followed (Fig. 2) . The first step is to determine the intended purpose(s) of a prediction model (i.e. specific clinical and/or research use). This includes the definition of the population (e.g. COPD patients) or a subpopulation (e.g. COPD patients on the intensive care unit or COPD patients in primary care) and of the specific outcome including its time horizon. For example, if exacerbations are to be predicted it should be specified if they are event-or symptom-based and if time to exacerbation, exacerbation counts or exacerbations within the specified time horizon (e.g. yes versus no within two years) will be modelled.
If a preventive or therapeutic decision is to be informed by the prediction model for risk-stratified management, the relevant prevention and treatment options for patients at different risks should be defined. Ideally, knowledge about the benefit harm balance for each of these options and for each risk group is available. Based on such knowledge, which is often absent, one could, for example, decide that COPD patients at low risk for a severe exacerbation requiring a hospital admission within the next year (e.g. < 10%), should receive one or two long-acting bronchodilators, that patients at moderate risk (e.g. 10-20%) should be offered additional pulmonary rehabilitation and that patients at higher risks (> 20%) may receive inhaled glucocorticosteroid in addition 16 . 
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After defining the purpose, the literature should be reviewed for already existing prediction models. If, as the recent systematic review showed, none of the existing prediction models, without or with external validation, serves the desired purpose, potential predictors for the prediction model should be identified from the literature. This may lead to a list of predictors that is likely too long both in terms of feasibility (i.e. measuring all of them in the development and validation cohorts) and statistical considerations (as a rule of thumb, ten events should be observed for each candidate predictor at the beginning of the statistical model development). Criteria to shorten the list are the strength of the predictor in previous studies (e.g. having suffered exacerbation previously is a much stronger predictor of exacerbations than body mass index), the availability and cost of the predictors in practice and the most valid and accurate way to measure a predictor.
The next step is planning and conduction of the actual study, which is typically a cohort study. Existing cohort studies are often used to develop prediction models 31 ; this is both valid and efficient if these studies had the required follow-up, included the relevant population and measured the predictors and outcomes in a valid way. However, often researchers need to make compromises when using existing cohort studies, which may limit the usefulness and quality of prediction model. Prospectively planned cohort studies offer the advantage that all the necessary data can be collected and form an ideal basis to develop a prediction model. Finally, the statistical model, often a regression model, is developed. It is beyond the scope of this article to go into the details and there exists excellent guidance for the development of prediction models 5, 32 . Note that the statistical analysis plan should already consider the external validation and the use of the prediction model in other cohorts of patients and, finally, in clinical practice and research. A common mistake is trying to fit the "perfect" model in the development cohort, which carries a great risk of over-fitting and over-optimism about the performance of the model outside the development cohort.
The goal for the development of a prediction model should be to develop the model that performs best in both the development and validation cohort.
THE IMPORTANCE OF VALIDATION OF PREDICTION MODELS
It is a consistent observation across the medical field, that most of the prediction models are never validated. A systematic review from the cardiovascular field showed that just a third of the more than 300 existing models to predict cardiovascular events were externally validated 31 . The recent systematic review on prediction models in COPD showed that only two out of the 27 models for predicting exacerbations had been externally validated 24 . External validation means that the prediction model is applied to a cohort of patients different from the development cohort 33 . Very importantly, the regression model must not be developed again in the validation cohort but the original model from the development cohort (i.e. the coefficients and the intercept) must be applied to each patient of the validation cohort. 29, 35 .
Poorer performance in cohorts other than the development cohort happens almost by definition since the procedures to develop a prediction model fit a model to the data at hand as much as possible (i.e. by minimising their residuals). That model will be less accurate in most validation cohorts because the latter are, on average, at higher or lower risk for the outcome (e.g. if the validation cohorts comes from a less or more specialised setting than the development cohort), because the specific predictors are more or less predictive in the validation cohort (e.g. due to different distributions of predictors and the outcome), or because poor statistical methods were used for the development of the prediction model.
Because of the great importance of external validation, ideally, developers of a prediction model should organize a collaboration with one or more other cohorts 36 . Thereby, the prediction model can be externally validated right away and potential problems of generalisability identified. If the performance in the validation cohort is considered insufficient for a specific clinical or research purpose, there is a useful 8-step framework to update the model starting with the smallest possible revision (i.e. adjusting the intercept to the validation cohort in order to adjust for differences in risks between the development and validation cohort) up to a completely new model (new predictors, new regression coefficients and standard errors) 5 .
If only a minor update is needed (e.g. updating the intercept) the model may be ready for use in practice and research. If, however, a more extensive update is needed (e.g. re-estimating coefficients and adding new predictors), the updated model should be externally validated in yet another cohort.
The two most common metrics used for validation are the (statistical or graphical) comparison of predicted and observed risks to assess calibration and the AUC for discrimination. Figure 3 shows some examples from the largescale validation of the ADO index using ten COPD cohort studies and 13,914 patients 36 . The goal of that validation was to assess discrimination and calibration of the original ADO index 34 . While discrimination was still high in the entire validation cohort (AUC 0.82) calibration was insufficient. The comparison of predicted and observed risks in the first part of the validation (upper part of figure 3 , before re-calibration of intercept) shows that, overall, the predicted and observed risks were comparable (i.e. 10.0% versus 9.0%) but that within deciles of patients, the predicted and observed risks did not match. A simple update of the ADO index, i.e. an adjustment of the intercept, was not enough to improve the match of predicted and observed risks. Therefore, we performed a more extensive model update, which required another validation in a new set of cohort of COPD patients. The two plots show predicted versus observed risk in the validation cohort (i.e. in all patients from the ten cohorts except the one cohort in which the ADO was originally developed). Each circle represents 10% of patients that were ordered according to their 3-year predicted risk of death (i.e. deciles). For each patient in each decile the 3-year risk of death was calculated based on the original ADO index 34 . For each decile this (average) predicted risk was compared to the observed risk in that decile. If calibration is perfect, all circles lie on the red line that indicates perfect agreement between predicted and observed risks. These plots show that calibration was not good even after a small update (of adjusting the intercept to the risk of the validation cohort) and the statistical test (Hosmer Lemeshow [HL] test) showed that the predicted and observed risks differed statistically significantly. Extensive update of the ADO index and validation: The two plots on the left compare again predicted versus observed risks. The upper plot shows calibration in the five cohorts in which the ADO index was newly developed (same predictors but new regression model). As expected (since the data were fitted to that cohort), the predicted and observed risks in the deciles of patients matched very well. This was also true in the validation cohort (the other five cohorts) where the circles representing deciles of patients cluster around the red line of perfect agreement. Only at higher risks of 3-year mortality the predicted risks were higher than the observed risks. The two plots on the right show the area under the curve. As it is commonly observed even in large samples like in the large-scale ADO validation, the area under the curve is substantially smaller in the validation cohort (reproduced with permission from Puhan MA et al. 36 ). CI: confidence interval.
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FOR THE VALIDATION AND COMPARISON OF PREDICTION MODELS
Beside external validation, a comparison of existing prediction models in terms of their predictive properties is needed, but rarely done. Ideally, clinicians and researchers would be able to choose from existing prediction models based on the ability to accurately predict the outcome as well as based on the availability of the predictors and the cost of their collection. Until recently, no method was available to concurrently validate and compare prediction models. We developed the novel method of multiple score comparison that is based on network meta-analysis of RCTs. In multiple score comparison, different prediction models or the scores (usually simple scorings derived from the prediction models) can be validated and compared within and across a number of cohort studies. For example, based on the 26 cohort studies with more than 16,000 COPD patients, we evaluated ten scores to predict 3-year mortality. Between two and nine scores could be calculated for each of the 26 cohort studies (Fig. 4) 37 .
The commonly used BODE index had a median AUC of 0.68. All other scores, except the ADO index, had a lower AUC. The ADO index (combining age, dyspnoea and airflow obstruction) showed a higher AUC (0.695) and a probability of being the score with the greatest discrimination of 96% 29 . Multiple score comparison can be applied to any prediction models and scores (across the medical field) and fills an important gap since it provides a concurrent external validation and comparison of as many scores as desired 38, 39 .
GAPS AND RESEARCH NEEDS FOR PREDICTION MODELS IN CHRONIC OBSTRUCTIVE PULMONARY DISEASE
Prediction models, in particular to predict mortality, are commonly used in research but not in practice. A number of steps are missing to introduce them into practice and to further advance risk-stratified management, a form of personalised medicine. Firstly, it is currently unclear in what situation and for which decisions clinicians and patients would like to have outcome predictions. Qualitative studies could shed light on these needs and help define the potential purposes of prediction models in care for COPD patients. Secondly, when new prediction models are developed, a thorough development and validation process is a pre-requisite for their use in practice. Thus, there is a clear need to improve the standards in this area. Thirdly, if the information from prediction models is linked to prevention and treatment decisions, the risk categories, which would guide the selection of preventive and symptom-relieving interventions, need to be defined. For example, it needs to be explored at what outcome risk for exacerbations (e.g. > 20% risk of an exacerbation in the coming 12 months) adding an inhaled corticosteroid to long-acting bronchodilator(s) improves patient outcomes with acceptable side effects and costs. Quantitative benefit harm assessment is a way to define such AUC thresholds. Finally, impact studies are needed. Impact studies assess if the use of prediction models and risk-stratified management, respectively, ultimately lead to better patient outcomes. This can be done using modelling studies or, if resources allow, by randomised trials that compare health outcomes of patients who receive disease management strategies with versus without the use of prediction models.
CONCLUSIONS
Prediction models can serve a number of purposes in both clinical practice and research. They have the potential to advance personalised medicine through risk-stratified management, which optimises the benefits and harms of preventive and therapeutic interventions for individuals, thereby minimising the risk that patients are neither under-not overtreated. A prerequisite for risk-stratified management is to have a prediction model that is thoroughly developed, validated and proofed to perform best compared to other prediction models. In the area of COPD, the most intriguing area for risk-stratified management is the prevention of exacerbations, in particular severe exacerbations. But more accurate and widely applicable prediction models for exacerbations and risk-stratified management strategies still need to be developed. 
